For medical diagnosis, fuzzy Dempster-Shafer theory is extended to model domain knowledge under probabilistic and fuzzy uncertainty. However, there are some information loss using discrete fuzzy sets and traditional matching degree method. This study aims to provide a new evidential structure to reduce information loss. This paper proposes a new intuitionistic fuzzy evidential reasoning (IFER) approach which combines intuitionistic trapezoidal fuzzy numbers and inclusion measure to improve the accuracy of representation and reasoning. The proposed approach has been validated by a stroke diagnosis. It is shown that the IFER approach leads to more accurate results.
Introduction
A key component of medical diagnosis is concerned with the representation and reasoning of medical domain knowledge. Most medical knowledge can be structured in the form of IF-THEN rules. In each rule, we distinguish antecedent attributes (causes) and consequents (effects) e.g. (Ref. 1) . For instance, an IF-THEN rule for stroke diagnosis may involve 4 stroke symptoms and 3 consequents. However, stroke symptoms are often described by stoker using linguistic terms. Hence the attributes of initial IF-THEN rules provided by medical expert usually involve linguistic variables. Kong e.g. (Ref.
2) discussed that uncertainty is mostly resulting from subjective domain knowledge or various clinical symptoms. In addition, considering the probability of occurrence of attributes is not always 1, belief degree is taken into account in IF-THEN rules. Lin e.g. (Ref. 3) stated that the result of medical diagnosis is mainly determined by handling various types of uncertainty. In order to complete medical diagnosis, we refer to various frameworks for representing and reasoning for medical domain knowledge under probabilistic and fuzzy uncertainty: multiple attribute decision analysis (MADA), fuzzy set (FS) theory and evidential reasoning (ER). There is a tendency that applying the latest development in these three aspects to medical diagnosis. Evidence theory as a generalization of possibility theory is also known as Dempster-Shafer theory. Jones e.g. (Ref. 4 ) built a framework for medical diagnosis using the evidence theory. Durbach and Stewart e.g. (Ref. 5) noted that the DS theory of evidence reasoning can deal with probabilistic uncertainty by replacing subjective probabilities with degrees of belief. To model two types of uncertainty, namely fuzziness and probability, DS theory of evidence is extended into fuzzy DS (FDS) theory during the recent years. Xu e.g. (Ref. 6 ) made a review of the evidential reasoning (ER) approach about its theoretical development and applications. As such, there is a trend that the DS theory of evidence reasoning can be extended to FDS scheme e.g.( (Ref. 7) , (Ref. 8) and (Ref. 9) ). FDS evidence reasoning algorithm can be divided into three steps e.g. (Ref. 10): building a fuzzy evidence structure, combining evidence, and decision making based on ranking consequences.
Uncertainty of evidence is mainly reflected in the following aspects: attribute assessment, attribute weights, rule weights. During the development of the FDS theory, uncertain evidence can be expressed by fuzzy sets, interval numbers, and fuzzy numbers. Yang e.g. (Ref. 11) proposed a rule-based inference methodology using the evidential reasoning (RIMER) approach by adding belief degree of inputs and outputs into the traditional IF-THEN rule base. During the process of building a fuzzy evidence structure, the nonlinear relationship between antecedent attributes and consequents can be established. Max-min operation is adopted to set the matching degree between fuzzy sets in transformation of inputs. Sevastianov e.g. (Ref. 12 ) discussed that there are two restrictions in the RIMER approach. One of them is that the RIMER approach did not provide the combination method of different evidence. Basically, the ER approach made use of Dempster's rule of combination to aggregate attributes e.g. (Ref. 13) .When the evidence structure was expressed by interval evidence, existing combination methods often lead to irrational structure because of improper treatment for the normalization process. Wang e.g. (Ref. 14) analyzed the interval data operations and presented the nonlinear combination method of interval belief degrees. Guo The values in-between are always neglected by decision makers. In order to improve the accuracy of the decision results, it is necessary to ensure the minimal losses of information.
The objective of the intuitionistic fuzzy evidential reasoning (IFER) approach is to offer representation and reasoning on a basis of linguistic knowledge under uncertainty more accurately by rebuilding the evidential structure so as to reduce information losses. In essence, it is to extend the basic RIMER methodology. The main improvement in the proposed IFER approach involves two aspects: on the one hand, the representation of knowledge uses continuous fuzzy numbers (intuitionistic trapezoidal fuzzy numbers, ITFN) instead of conventional discrete fuzzy sets. On the other hand, the matching degree method uses inclusion measure instead of maxmin operation for avoiding the effect by extreme values. This paper is organized as follows: In Section 2, basic concept and existing evidence structure are reviewed. In Section 3, in order to reduce information loss in existing evidence structure, we propose a new intuitionistic fuzzy evidential reasoning (IFER) approach by rebuilding evidence structure. Firstly, intuitionistic fuzzy numbers are converted into interval fuzzy numbers by α-cuts. Secondly, the belief degrees of consequents are updated according to the matching degree between inputs and antecedent attributes. Thirdly, attribute weights are calculated by normalizing the certainty factor. Fourthly, after interval belief degrees and weights are calculated, a nonlinear model is built to combine interval belief degrees. At last, the utility function is adopted to rank the combined results. In Section 4, a stroke diagnosis is presented to illustrate the validity and applicability of the proposed IFER method. In Section 5, conclusions and the further study are summarized.
Preliminaries
In this section, basic concepts and former research achievements of intuitionisitc fuzzy set theory and evidential reasoning theory are introduced. 
Basic concept of intuitionistic trapezoidal fuzzy numbers
And its non-membership function is given by
with the parameters
A useful tool to deal with the intuitionistic fuzzy numbers is using α-cuts.Every α-cut is a closed in-terval. They are calculated as follows e.g. (Ref. 23 )
ITFN are converted into interval valued intuitionistic fuzzy sets (IVIFS) e.g. (Ref. 24) .
The belief rule-base structure
In a "traditional" IF-THEN rule, decision makers state that the degree of an attribute affecting a consequent is either 100% true or 100% false e.g. (Ref. 2) .To take into account belief degrees, attribute weights, and rule weights, the "traditional" rule is extended as e.g. (Ref. 11), 
is the input set, with the belief degree ε i to which the input is assessed to the corresponding evaluation grade, and
Two kinds of weight are considered. Those are the rule weight θ k and attribute
Given an input, if the rule weightθ k is greater than zero, the corresponding rule will be activated.
The set 
is a set of consequents. β nk is the degree to which D n is believed to be the consequent in the kth rule. The belief degree β nk can be assigned directly based on decision makers' experience, or by using some experimental data. The consequent assessment S can be expressed as follows 
However the max-min operation only considered extreme value. Grzegorzewski e.g. (Ref. 27 ) presented possible and necessary inclusion of IFSs.
Intuitionistic fuzzy evidential reasoning
In this section, an intuitionistic fuzzy evidential reasoning (IFER) method is proposed to perform reasoning. The flowchart of IFER is shown in Fig.1 . (Yes, No) represent the focal element of the basic assignment function respectively. The sum of them is equal to 1.
(hesitasion). m(A)(Yes), m(A)(No), m(A)
Let Φ = {φ 1 ,φ 2 ,··· ,φ T } be a set of collectively exhaustive and mutually exclusive hypotheses. It is called the frame of discernment. The T assessment grades for all attributes, the referential values of antecedent attributes A i j is any subset of Φ. The intuitionistic fuzzy structure is expressed as 
Matching degree
On the role of the input assessmentA * i , the intuitionistic fuzzy belief degrees of antecedent attributes A i j are defined based on the following forms
are memberships and non-memberships of antecedent assessment A i j , both of two sets are represented by intuitionistic fuzzy sets. According to e.g. "Eq. (3)", the first attribute 
. In defuzzification and interval approximation of fuzzy sets, the approximation operator should maintain expected interval invariance e.g. (Ref. 28) . During the process of transforming ITFN to IVIFS, the approximation operator of ITFN also maintains the expected interval of IVIFS. The intuitionistic fuzzy matching function based on inclusion measure e.g. (Ref. 27 ) is given as follows 
Using the simple weighted multiplicative aggregation function, we then calculate,
where α k represents aggregation belief degree of the kth rule, using the "∧" connective for all antecedents attribute.
Here θ k represents the weight of the kth rule.ω k > 0 means that the kth rule is activated.
Belief degree
After setting the matching degree, the relationship between input attributes and the antecedent attributes is obtained. In a rule,
, which attribute participates in updating belief degrees is determined by function τ(i, k).If A k i is used to transfer belief degree in a rule R k , the value of τ(i, k) is 1. In other situations, its value is equal to 0.
In the consequent assessment of the belief rule e.g. "Eq. (4)", the belief degrees β 1k ,β 2k ,···,β Nk are given by domain experts. Under the role of inputs, the assessment
Combination method
As mentioned above, the consequent assessment is updated to interval belief degree, including lower and upper parts. After obtaining the interval belief degrees, they need to be converted to interval basic probability masses (BPA) by considering the relative weights. The interval BPA are
is incomplete, the incomplete is due to two aspects. One is caused by the incomplete weights. That is
Because of this, DS theory can deal with the incomplete information which is ignored in other cases.
The interval probability masses are combined into overall interval belief degrees by solving the following nonlinear optimization models e.g. (Ref. 14). However, there is an initial condition. We require that the denominator of normalization factor is non-
Ranking the consequents using expected utility
For the combined distribution assessments, the ER approach usually employs expected utilities to com-pare or rank them e.g. (Ref. 14) . 
A numerical case study

A medical case description
In this section, a medical case study is conducted for medical diagnosis. There are a number of steps to perform this case study.
• Step1: Determine the matching degree between inputs and the referential values of the antecedents in a rule using intuitionistic trapezoidal fuzzy inclusion measure, • Step2: According to the matching degree, determine the intuitionistic fuzzy belief degrees, • Step3: The belief degrees of consequent assessment in the belief rule-base R k (e.g. "Eq. (4)" )are updated to the interval belief degrees,
• Step4: Convert the interval belief degrees into interval basic probability assignments (BPA) using certainty factor (CF) as the relative weight, There is a knowledge base for stroke diagnosis from the Peking University Third Hospital. It is shown as e.g. " 
Data training
The intuitionistic fuzzy evidential reasoning algorithm is implemented as follows.
• Step1: Using e.g. "Eq. (13)" and "Eq. (14)" (p = 1) to calculate the matching degree
between inputs assessment and antecedent assessment. Inclusion measure of the spastic period, R25 − R28 is shown in e.g. " Table 2 .". 
The updated belief degrees of consequent assessment (R1 − R24) are shown in e.g. " Table 3 .". Table 3 . The updated belief degree of consequent assessment.
• Step4: Normalization function δ ki for attribute weight is been calculated using e.g. "Eq. (15)". The rule weight ω k is calculated using e.g. "Eq. (16)" and "Eq. (17)". Assign the relative weight to interval belief degrees. Interval basic probability assignments (BPA) are obtained.
• Step5: Combine the interval BPA into overall interval belief degrees β n (A * i ) and β N (A * i ) by solving the nonlinear optimization model using e.g. "Eq. (20)" and "Eq. (21)". These results are shown in e.g. " Table 4 .". Table 5 .", patient Jack's feature is belonging to the convalescence period. 
Sensitivity analysis and comparative study
The sensitivity analysis of result with changed weights
From e.g. " Fig. 2 .", the weight of the attribute (Activity of Daily Living, ADL) changes with values (0.0, 0.1, ··· , 1.0) . Expected utilities of the flaccid paralysis period changed a lot. It is because of the attribute ADL is crucial for the flaccid paralysis period. The spastic period is not sensitive to the change of the weight of the attribute ADL. It is because of the attribute Spasm is crucial for the spastic period. However, from e.g. " Fig. 2 .", we can see that the attribute ADL is also crucial for the convalescence period. It is because that in the convalescence period, the strokes patients' ability of ADL is also taken as an important evaluation for stroke patients' quality of life. Both RIMER and IGIB adopted max-min operation to set match degree. In Table 6 , when match degree is calculated using max-min operation between intuitionistic trapezoidal fuzzy numbers, the rank of expected utilities is the same as the rank of IFER. The matching degree comparison between two methods (inclusion measure and max-min operation) with the changed membership of the third attribute (muscle strength) in the flaccid paralysis period.
Comparative analysis
From e.g. " Fig. 3 .,we can see that, the matching degree using max-min operation obtains the extreme value 0, when the membership of attribute is the extreme point R2 and R8. In the the point R5 and R6, the matching degree achieves the peak. The size of the peak using max-min operation is higher than the one using inclusion measure. Furthermore, the fluctuation range of curve using max-min operation is higher than the one using the inclusion measure. It can be concluded that the extreme value exhibits a more significant impact on the obtained matching degree using max-min operation. In some cases, this may lead to inaccurate results.
Conclusions and further study
The intuitionistic fuzzy evidential reasoning (IFER) arises as an interesting extension of the traditional fuzzy DS theory. IFER is a special case of RIMER with linguistic inputs. Based on the RIMER, different matching degree methods are adopted in terms of the type of inputs in IFER. Linguistic values are represented by intuitionistic trapezoidal fuzzy numbers. Inclusion measure is used to determine the matching degrees between inputs and antecedent attributes. Under the action of an input, if the rule weight is greater than zero, the corresponding rule becomes activated. For an activated rule, the belief degrees of the consequent assessment are updated according to the matching degrees. The reasoning model is mainly dependent on two parameters, at-tribute weight and belief degrees. Essentially, the key step of IFER is to obtain these two types of parameters. Through sensitivity analysis, the result of IFER is changed with parametric variation. Whether the decision making systems can produce accurate result mainly depends on the optimal learning of the parameters. In the future studies, the optimization of these parameters will be investigated in more detail. 
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